Abstract
13.5%-89.3% of the statistical mean. After spatial aggregation, the national total 23 methane emissions were estimated 6.44-7.32 Tg, depending on the base scale of the 24 modeling and the reliability of the input data. And with the given data availability, the 25 overall aggregated standard deviation was 16.3% of the total emissions, ranging from 26 18.3%-28.0% for early, late and middle rice ecosystems. The 95% confidence 27 interval of the estimation was 4. 5-8.7 Tg by assuming a Gamma distribution.
28

Introduction
38
Methane is not only an important greenhouse gas in the atmosphere, but also an 39 active reactor in many atmospheric chemistry processes. Rice cultivation has been 40 recognized the major anthropogenic activity that accounted for the rapid increase of 41 the atmospheric methane concentration. But because of the high spatial heterogeneity 42 in methane emissions from rice paddies, huge uncertainty has long been the big 43 problem in making reliable estimations, even after complicated models were 44 developed and applied (Li, et al., 2002; Zhang et al., 2011; Harvey, 2000) . The models 45 used in regional or global studies differ widely in terms of their spatial scales. Many 46 of these models are site-specific, describing processes at local scales Extrapolating a site-specific model to a regional or global scale is usually referred to as -model 48 upscaling‖ (King, 1991; van Bodegom et al., 2000) . A common framework for this 49 upscaling involves partitioning a large region into smaller, individual areas and 50 running the model for each area (Matthews et al., 2000; Li et al., 2004; Yu et al., 51 2012). 52 In model upscaling, the first problem modelers face is how to make the spatial 53 divisions (each division was call a cell, hereafter). It is preferable to partition the 54 region so that the model inputs in the cells are as statistically independent of each 55 other as possible (King, 1991; Ogle et al., 2003 Ogle et al., , 2010 . When data are scarce, 56 however, the criterion of inter-cell independence may result in the partition of large 57 cells, leading to a reduced level of spatial details. An additional challenge is the great 58 variability in the availability of data for the model inputs, which complicates the 59 selection of an appropriate cell size. A properly partitioned subject region should 60 balance the differences in spatial data abundance among model inputs. If the cell size 61 is too large, substantial spatial variation in the model input variables will be lost after 62 within-cell averaging (van Bodgegom et al., 2002; Verburg et al., 2006) . Scientists 63 tend to use the finest spatial resolution possible to express details in spatial variation 64 in their modeling results. However, a finer spatial resolution requires sufficient model 65 input data; otherwise, data must be shared among cells for at least some, if not all, the 66 model inputs. This type of inter-cell non-independence among the cells (resulting 67 from data scarcity and requiring data sharing) complicates the uncertainty analysis 68 (Ogle et al., 2003) when finer spatial resolutions are adopted. 69 To estimate regional/national methane emissions from rice paddies, it is critical to 70 obtain detailed information on organic matter amendments, soil properties, rice 71 varieties and field irrigation in rice cultivation (Khalil et al., 2008; Peng et al., 2007; 72 van Bodegom et al., 2000; Wassmann et al., 1996) . Such data, however, are seldom 73 available at a regional scale (Zhang et al., 2011). 74 To analyze the uncertainty due to errors in model inputs in each cell, the Monte 75 Carlo simulation has been recognized as an effective method (IPCC, 2000) , and it has 76 been applied in many studies (Ogle et al., 2003 (Ogle et al., , 2010 Yu et al., 2012 divisions, the within-cell variation must be accounted for first (King 1991; van 106 Bodegom et al., 2000; Ogle et al., 2003 Ogle et al., , 2010 will be an identity matrix in which the diagonal elements will be 1 and all the off-138 diagonal elements will be 0. The aggregation in equation (1) where C ij is the element of the DS (data sharing) matrix defined in equation (1) In this case study, we used the model CH4MOD to estimate methane emissions 180 from rice paddies in China. CH4MOD is a semi-empirical model that simulates 181 methane production and emissions from rice paddies under various environmental 182 conditions and agricultural practices (Huang et al., 1998a (Huang et al., , 2004 Xie et al., 2010) .
183
The CH4MOD model runs with a daily step and is driven by air temperature. The With a specific spatial resolution, e.g., using administrative counties as divisions, 207 the PDF of SAND in a division was calculated with the grid data within the division.
208
Because every county has only one datum for GY, no PDF was assumed for GY when 209 counties were adopted as divisions. Although the yield of rice grain is not the same at 210 every location throughout a county, we have no more detailed data on grain yield that 211 would allow us to make PDFs of the GY variable.
212
The data on the other two variables, OM and W ptn , were collected and statistically 213 analyzed to produce PDFs (Table 2 and Table 3 ) at provincial and grand region scales 214 ( Fig. 2b) . Rice paddy methane emissions vary notably with rice variety (Singh et al., 215 1997). The variety index (VI), which accounts for the methane emission differences 216 between rice varieties (Huang et al., 1998a (Huang et al., , 2004 , ranges from 0.5 to 1.5, and it 217 typically has a value close to 1.0 for most rice varieties (Huang et al., 1997 (Huang et al., , 2004 . We 218 assumed that the 95% confidence interval (CI) for VI was 0.5 to 1.5 and that it 219 exhibited a normal distribution. In the case of partitioning the entire nation into 220 counties, the counties included within a province and/or grand region must share data 221 and PDFs for the variables OM, W ptn and VI. (2000) sharing and the correlations in the DS matrix. Assuming a Gamma distribution (Fig. 266 B1 in Appendix B), the 95% confidence interval (CI) of the national total methane 267 emissions, calculated via the moment-matching approach with m 0 and σ 0 , was 4. 5-8.7 268 Tg at the S1 spatial resolution (Table 4) . 269 The national methane emissions from rice paddies in China have been estimated in 270 many previous studies. Table 5 Table 5 ), e.g., Ren et al.
276
(2010), Li et al. (2002) and Yao et al. (1996) , also fell within the ranges listed in Table   277 4. Most of these previous studies focused on organic matter application and water 278 regimes in their estimations of uncertainty (Table 5) The uncertainty in regional methane emissions in Table 4 is primarily caused by 309 errors and a scarcity of model input data (Fig. 2) . Even if the data abundance of the 310 model variables differ significantly (Fig. 2 ), modeling at a finer spatial resolution does 311 help to reduce the estimation uncertainty (Table 4) . We made the model estimations at 312 three scales (S1, S2 and S3 in Table 4 ). At each scale, S1 for instance, the finer input 313 (data of SAND, 10km×10km raster dataset) was aggregated to create input of SAND at 314 the scale of S1. But to run the model at a specific scale, the data of the other model 315 variables, i.e., OM, Wptn and VI, must be shared between neighboring grid cells 316 because they are coarser than the specific grid size of S1. Table 4 shows the scale 317 effects of the model estimations, the impacts of decreased variability of input on the 318 model output. At each of the specific scales (S1, S2 or S3), the direct model output is 319 of the variation in each of the grid cells (in a county at S1, a province at S2 or a GR at 320 S3). In Table 4 , the 95% CI was 3.4-12.3 Tg when modeling was performed at a 321 coarser resolution (S3). At the provincial scale (Scenario S2), however, the 95% CI 322 narrowed to 4.8-10.4 Tg, and the aggregated standard deviation was 19.5% of the 323 national total emissions. However, without sufficient data support (Fig. 2) , upscaling a 324 model at an over-fine resolution makes no substantial difference, as in Table 4 for S1.
325
Although the uncertainty was reduced further when the spatial resolution was at the 326 county level, this approach is not cost-effective, and the indicator I R rises rapidly from 327 up to 3 at the provincial scale to more than 27 at the county scale (Table 4 ). The I R 328 indicates the redundant cost; a higher I R indicates more redundant processing.
329
In Table 1 , sharing data for the higher-sensitivity variable, e.g., SAND vs. Yield in 330 Table B1 , may result in a larger correlation coefficient C ij . Although C ij in Table 1 335 where s k is the sensitivity index of the model parameter k (e.g., Table B1 Based on the data sharing matrix, we estimated that data scarcity in the five most 349 sensitive factors introduced an aggregated uncertainty to the estimates ranging from practices (Huang et al., 1998a (Huang et al., , 2004 Xie et al., 2010 zonification of the cropping system in China (Han et al., 1987) .
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Many studies have indicated that methane emissions differ notably among rice 541 varieties (Singh et al., 1997; Wang et al., 1997) . In CH4MOD, the impact of rice 542 variety on methane emissions was parameterized as the variety index (VI) (Huang et 543 al., 1998a (Huang et 543 al., , 2004 . The VI ranges from 0.5 to 1.5 and typically has a value of 544 approximately 1.0 for most rice varieties (Huang et al., 1997 (Huang et al., , 2004 summarized at a provincial level with the census data ( Table 2 ). The straw application 575 in Table 2 is not rice-specific but, rather, incorporates all the crops in each province.
576
The bias may not be significant in provinces where rice dominates crop cultivation. In The Monte Carlo approach was adopted as the first step to randomly select values 615 of the model input parameters from their value domains (Table B1) (Table B1) . N is the total number of (j, k) pairs, and The results indicated that methane emissions are most sensitive to field irrigation, 644 with a sensitivity index of 0.67 (Table B1) 
